Objective: To understand potential utilization of clinical services at a rural integrated health care system by generating optimal groups of telemedicine locations from electronic health record (EHR) data using geographic information systems (GISs). Methods: This retrospective study extracted nonidentifiable grouped data of patients over a 2-year period from the EHR, including geomasked locations. Spatially optimal groupings were created using available telemedicine sites by calculating patients' average travel distance (ATD) to the closest clinic site. Results: A total of 4027 visits by 2049 unique patients were analyzed. The best travel distances for site groupings of 3, 4, 5, or 6 site locations were ranked based on increasing ATD. Each one-site increase in the number of available telemedicine sites decreased minimum ATD by about 8%. For a given group size, the best groupings were very similar in minimum travel distance. There were significant differences in predicted patient load imbalance between otherwise similar groupings. A majority of the best site groupings used the same small number of sites, and urban sites were heavily used. Discussion: With EHR geospatial data at an individual patient level, we can model potential telemedicine sites for specialty access in a rural geographic area. Relatively few sites could serve most of the population. Direct access to patient GIS data from an EHR provides direct knowledge of the client base compared to methods that allocate aggregated data. Conclusion: Geospatial data and methods can assist health care location planning, generating data about load, load balance, and spatial accessibility.
and health care utilization patterns. 4 Public health applications use GIS to map residential locations of patients in identifying origin and spread of infectious disease, which is critical in controlling outbreaks. GIS can be used to identify health trends, including conducting surveillance on cancer and chronic conditions such as diabetes 5 and cardiovascular disease 6 as well as planning for service deployment, 7, 8 and to demonstrate inequities in exposure to potential health risks. 9 Research involving GIS data from EHRs has been limited, partly because of concerns around the availability of granular patient-level visit data due to confidentiality 10 and the ongoing challenge of transposing patient data into GISs, which is the primary step before analysis. Although EHR adoption has rapidly increased, not all systems have a mature deployment with the ability to analyze EHR data repositories. 11 About 16% of children in the United States live in rural areas, 12 and they are more likely than children in urban areas to have adverse socioeconomic situations and poor health outcomes. 13, 14 Children with mental health, developmental, and behavioral problems are particularly vulnerable, and make up about 26% of children nationwide, or almost 6 million children. 15 Lack of access to specialty care is particularly acute for isolated communities already facing physician shortages. 16, 17 Developmental-behavioral pediatrics (DBP) is a subspecialty of pediatrics that covers evaluation and management of child and adolescent developmental and behavioral problems, and involves significant geographic and time-access barriers for those patients and families. 18, 19 While clinician outreach has been found to improve access 20 and is considered more family centered, it shifts the travel burden to the clinician, and the "windshield" time is often considered unproductive by health systems. Telemedicine allows patients access to distant clinicians, providing a means to retain care in the rural communities where people live and work, and helping to alleviate travel obstacles faced by patients, 21 especially when accessing specialists. 22 The field of DBP is well suited to telemedicine due to the paucity of clinicians in rural and other underserved areas and the nature of the interaction, which involves much interviewing and observation. Implementation of telemedicine in DBP may allow providers to become more efficient in their care by reducing the time spent driving to outlying clinic sites. 23 Geomapping in pediatric populations has been used, for example, for pediatric burns and immunization. 24 Previous studies involving DBP and GIS involved analysis of past utilization 25 ; however, while GIS has been used to identify prospective telemedicine sites for other specialties, 26 there has not been prospective determination/ service planning in DBP using GIS patient data. In this work, we demonstrate a method to extract patient-level GIS data from an EHR, paying attention to preserving privacy, in order to model optimal locations for telemedicine specialty pediatric service in a rural area.
OBJECTIVE
The objective of this study was first to describe current utilization of DBP services at a single rural integrated health care system, and subsequently to generate and analyze optimal groups of telemedicine locations through an analysis of EHR data using GIS.
MATERIALS AND METHODS
This retrospective study was approved by the Geisinger Institutional Review Board (IRB). The data source was EpicCare (Epic Systems, Verona, WI, USA), which contains detailed demographic, lifestyle, claims, procedural, laboratory, radiographic, vital, and other clinical data on all patients receiving care at outpatient and inpatient facilities in the Geisinger Health System. For this study, all patients receiving care at the neurodevelopmental pediatric service between January 1, 2011, and December 31, 2012, were eligible for cohort inclusion. Patient demographics (age, gender), primary insurance, primary diagnosis for visit, home address, and clinic location where the encounter took place were extracted. Patient street addresses were batch validated against a current US Postal Service database using BCC Mail Manager LE software (BCC Software, Rochester, NY, USA). Mail manager standardizes and corrects address components, adds ZIPþ4, and returns a "911-style" address for some RRstyle and post office box addresses. Addresses were geocoded using ArcGIS for Desktop 10.1 (ESRI, Redlands, CA, USA) as previously described. 27 Match accuracy was controlled by setting spelling sensitivity high (ie, 90) and only accepting match scores above 80, to eliminate false positive matches. Spatial accuracy was documented by assigning a geocoding method score to each point. Using Method 1, 88.53% of addresses were located using standard interpolation along an address-ranged road line, then offset 20 feet depending on address parity. Using Method 2, 4.05% of patients were located to their ZIPþ4 centroid. Using Method 3, 7.42% of patients were located to their 5-digit zip code centroid. A total of 4027 visits by 2049 unique patients were observed. There were also 304 unique diagnosis codes listed as the primary conditions on the visits. Out of the 4027 visits, 828 were for new patients and 3199 for established patients. Number of visits ranged from 1 to 12; 51.4% had a single visit, 25.0% had 2, 11.5% had 3, and 5.8% had 4 visits. The data are summarized using frequency and percentage for categorical variables, and mean and standard deviation for continuous variables. Data from all visits as well as the first visit within the study observation period are summarized (Table 1) .
Geomasking 28 was used to protect patients' privacy by concealing their geocoded location. All geocoded address points were displaced a distance of 0-0.5 miles in a random direction 0-360 before latitude and longitude coordinates were calculated and submitted for analysis. Spatial groupings of 3, 4, 5, and 6 telemedicine sites were created from the 18 possible sites. For each grouping, patients were allocated to the nearest site. Relative value of each grouping was determined by calculating the ATD for all patients to the closest site for each. A more realistic cost-of-distance was simulated by scaling distance by a standard 0.5 distance-decay exponent, with short trips being relatively more expensive per mile. 29 Counts of patients for each site were used to evaluate patient load imbalances.
RESULTS
The optimality of the various groupings was evaluated using ATDs. Figure 1 illustrates the best travel distances for groupings of 3, 4, 5, or 6 site locations. Site groupings are ranked on the y-axis by increasing ATD. Each one-site increase in the number of available telemedicine sites decreased minimum ATD by about 8%. For a given group size, the best groupings are very similar in minimum travel distance: for the best 30 groupings made from 4 sites, the ATD differed between sequentially ranked groups by only 21 m.
The patient balance by site for best groupings of 4 sites is compared in Figure 2 . The most and least busy sites in each grouping are compared, plotted against ATD for the grouping. There are significant differences in patient traffic imbalance between otherwise similar groupings.
The values of individual sites within this telemedicine model are represented in Figure 3 , which maps the frequency of occurrence of the potential sites in the top 30 groupings ranked by lowest ATD for groupings of 4 sites. The principal location was forced into each grouping. This shows that the highly concentrated geography of the patient distribution created an uneven pattern of site usage.
A majority of the best site groupings used most of the same small number of sites, and urban sites were heavily used. Eleven sites appear in the top 30 site groupings, while 7 sites in small towns at the periphery of the region were not used in any of the best groupings.
DISCUSSION
Using EHR data at an individual patient level with a focus on geospatial data, we demonstrate the ability to model potential telemedicine sites for neurodevelopmental pediatrics access for patients in a rural geographic area. We identify that a few sites could serve most of the population using GIS mapping by minimal travel distance measurement. We show that selection of site groupings is vulnerable to imbalances between the busiest and least busy sites in otherwise similar groupings. This endeavor was undertaken to reduce spatial access barriers to a specialty pediatric service for a predominantly rural population that is relatively stable, with an out-migration rate under 4% every 4 years. Our study was possible due to a relatively mature (>14-year) experience with EHR datacollection procedures using a comprehensive enterprise-level data warehouse, with source data transformed through a standard "extract-transform-load" process. 30 Spatial data is increasingly being viewed as an efficient resource in health care analysis, and GIS is particularly valuable when assessing community health needs due to its ability to integrate data from various sources and visualize through mapping. 31 The use of distance decay 32 is in keeping with other methods particularly relevant for sparsely populated rural areas such as in our study. The advantage of having access to patient GIS data from an EHR is that it gives us direct knowledge of the client base and allows for allocation to a finite set of sites, compared to census-based methods, which are allocated by aggregated data groups represented through a single location (a centroid, usually geometric or population-weighted). 33 However, this approach requires data that are complete in terms of patient addresses and access to skilled GIS personnel to extract and geocode the data for analysis. We were fortunate to have one coauthor (JD) experienced in GIS to address confidentiality issues with EHR data. Another concern is that match rate and accuracy can be affected by the dataset used for geocoding, which is updated frequently. 34 By validating the input address file and geocoding with multiple address base maps from different sources and years, we were able to achieve a high match rate with minimal manual editing of the input address file. Furthermore, by flagging the resulting geocoded points with a geocoding method rank, we maintained some transparency regarding the spatial accuracy of geocoded locations. Abbreviations: ADHD, attention-deficit/hyperactivity disorder; CNS, central nervous system There are legitimate concerns about confidentiality when dealing with EHR data, and although zip code alone is not considered protected health information, the Health Insurance Portability and Accountability Act 35 provides guidelines on how to preserve confidentiality by employing minimum spatial denominator units on a map. Generally there is a trade-off between loss of usable information and disclosure risk to research subjects/patients, depending on the measures used to preserve confidentiality. The use of GIS methods with patient data raises issues related to protecting patient confidentiality, and no single method is considered ideal to reduce the risk of confidentiality breaches. 36 For our study, we pursued IRB procedures and used a limited dataset with delinked identifiers to be sensitive to these concerns, and we used random perturbation and aggregation of data, which are recommended in a seminal National Academies Press publication on the matter. 37 Other recommendations include conducting research into methods of disseminating useful data while protecting confidentiality; engaging professional societies, clinicians, researchers, and institutions in education around ethical issues; and creating "data enclaves" for dissemination and access to high-quality data that preserve confidentiality. 37 We mainly demonstrated aggregated data, and maps were not presented at a granular enough level that would engender reverse coding and identification of patients. One limitation is that this study involves only one service analysis of one health care system in one state; however, we believe that this method can be replicated by any system for one or more clinical services for predictive planning using EHR data. Additionally, this model uses retrospective data and may not actually predict specific access patterns or utilization. This is because planning for services based on spatial accessibility assumes that patients in an identified geographic region have equal access to clinicians, ignoring supplydemand variations and "distance decay" 32 of utilization behavior, and that people may go beyond their region to seek care. It further presumes that providing service at new locations will not, in itself, shift demand. There are factors that need to be understood, such as availability of other services and the perceived institutional reputation of the specialty offered, that play into patient behavior related to access. DBP in particular has a limited supply of providers in our service area, so while telehealth has the potential to address certain access barriers for rural patients, access to the same limited number of providers may not alter the wait times. Furthermore, children with Medicaid coverage often have greater access barriers, 38 but our dataset was limited and we were unable to elaborate on this. The use of GIS has increased researchers' appreciation of the intersection of space and place with health as health care systems attempt to further engage patients and make decisions to deliver care with an eye on spatial equity. 39 Socioeconomic status (SES) impacts access to transportation and mobility, and no discussion of spatial equity is complete without acknowledging these variables. Affordability, acceptability, and accommodation are 3 nonspatial factors that determine access, 40 and SES is a key variable, as it has implications for health insurance status and transportation access, among other factors. 41 In our study, we did not include SES variables, and future directions will look at stratifying by income (although EHRs are generally not robust datasets for this information) and establishing "equity sorting" when determining numbers and locations of sites. Community data (such as census and Community Health Assessment) serve to complement EHR data in this endeavor to identify communities in need. 42 Further, while we did use GIS mapping, we did not factor in elements such as traffic patterns, road quality, and temporary obstructions along the road. Geographic information system technology can enable health care systems to plan for communities in need of specific health services through analysis of patient demographic data instead of assuming (or ignoring) the geographic and utilization characteristics of populations in the process of planning clinical services. 8 This strategy complements the health care business planning process of estimating market volume and market share. Selecting potential clinical sites also includes such variables as the community location's perceived need, willingness to cooperate, or other subjective considerations. 26 In the near future, there will be a wave of data available from wearable technology (smart devices and sensors) and patientreported personal data that will need to be addressed, and coordinating with community-level data helps to emphasize patient outcomes-oriented research. 43 "Big data" approaches will need to be developed that are meaningful to clinicians while proactively addressing concerns regarding privacy, and secondary data use like this will help to create the learning health care system. 44 
CONCLUSION
Secondary data extracted and analyzed from the mature EHR of an integrated health care system can yield patient spatial data, which, using GIS methods, can assist health care location planning. A limited number of sites can be modeled to deliver relatively equal spatial access to a population for a particular service. Geomasking and other strategies are necessary when working with protected health information to assuage any concerns regarding privacy and confidentiality. Additional factors such as provider availability, spatial equity, and perceived need are to be considered when making decisions about optimal locations. Future directions include seeking methods to model economic access for this population and reassessing access and utilization with the deployed telemedicine locations over a further 2-year period. As health systems move toward population health, it will be important to use efficient analyses of secondary spatial data with the help of GIS-skilled personnel, and to engage with clinicians and operational leaders in identifying patient-centered decisions around health care location planning. Patient-reported personal data and communitylevel data will further enhance this capability.
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